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Abstract—In this paper, we introduce the idea of exploiting the 
emotional information as a key element in providing personalized 
context-aware software services and consequently enhancing 
quality of User Experience(UX). We argue that emotional 
measurements can be integrated in Quality of Service (QoS) 
assurance frameworks. The idea builds on the strength of 
technological advances in emotion measurement tools, non-
obtrusive and ubiquitous monitoring technology. 
Index Terms—stress measurement, User Experience, QoS, 
context awareness, monitoring. 
I. INTRODUCTION 
Context-aware computing and associated technologies are 
becoming part of daily life, particularly in healthcare or 
tracking and navigational systems. However, although several 
context models have been proposed in relation to these 
applications, most of them limit solely to external context data 
collected by sensors (e.g. location, temperature, time). Yet 
theories from cognitive science strongly suggest that the 
subjective perception of technological features and past 
experience of similar contexts can influence current activity 
[1],[2] and emotional information should therefore be a key 
element in the development of context-aware applications.  
Although there is a growing interest to investigate the role 
of emotions in different fields (e.g. marketing, critical thinking)  
by other communities like affective computing [3], pervasive 
computing [4], there has been little research from a software 
engineering perspective so far (e.g. [5],[6] [7]).   
In this work we envision to develop a quality assurance 
framework focuses on emotions as a new asset for continuous 
enhancement of QoS and User Experience (UX). So that it is 
not limited to external context information. This is underpinned 
by the following: i) emotion measurement is widely used in a 
number of domains (e.g. marketing, therapy sessions); a variety 
of commercial and open source tools already exist. ii) Non-
obtrusive and ubiquitous monitoring is an upcoming 
technology that is gaining more attention in recent years.  
These advances in wearable sensing technologies enable us 
to measure user’s emotional states in real-time situations. Many 
instruments have been developed for measuring emotions and 
their correlates. The data collection options include 
standardized questionnaires for measuring emotions (e.g. State 
Trait Anxiety Inventory (STAI) for measuring anxiety), 
software programs that extract and interpret facial expressions 
of emotions from the video stream (e.g. FaceReader; eMotion), 
sensors that capture changes in physiological activities (e.g. 
FEEL [8], E4 Wristband [9]), and many others. 
Our framework extends the generic QoSMOS architecture 
[10][11], which considers the reliability and performance 
properties as main parameters for optimizing the adaptive 
services provision. Another similar works that also focused 
only on technical service quality aspects are [12][13].  
II. EMOTION-AWARE QOS ASSURANCE: A NEW APPROACH  
As it is shown in Figure 1, the essential part of the 
framework is the HAPPYNESS middleware. It requires two 
additional platforms to interact with:  
The context-gathering platform provides the infrastructure 
to configure and manage the sensors, and it eventually gathers 
the context information in real-time from them. The sensors 
hooked to this platform are diverse. But we are particularly 
interested in what we call emotional sensors, as they are the 
main input to our middleware. On the other hand, the service 
platform provides the interface to manage and invoke available 
services. It must have a service composition engine and the 
corresponding planner, so that optimized plans can be specified 
according to QoS parameters and operational service 
information can be obtained during their execution. 
The HAPPYNESS middleware consists of the following 
components:  
Actionable emotion detection component. Given that studies 
of technology acceptance embracing emotions are mainly 
limited to negative emotions like anxiety (e.g.[14],[15]), We 
focus only on negative emotions that are actionable. Actionable 
emotions are those emotions expressed by a user within the 
same time interval in which a service is also delivered. These 
actionable emotions are used to trigger the quality assessment 
of the service(s) that could be causing a negative UX. 
However, actionable emotion detection is challenging due 
to two quality aspects of context: i) Freshness, which refers to  
the time that elapses between the determination of context 
information and its delivery to a requester; and ii) Temporal 
resolution, which refers to the period of time to which a single 
instance of context information is applicable. Based on these 
two aspects, we aim to answer the following research 
questions: What is the adequate temporal interval needed for 
detecting actionable emotion states? What is the minimum 
external context information required for detecting with more 
precision actionable emotions? 
   Context-dependent QoS assessment component. The 
identification of relevant qualities is not trivial because their 
relevance heavily depends on, and varies with, the specific 
domain and changes in operational contexts (e.g. stakeholder 
goals, execution environment). Hence, we need context-
specific QoS models that can flexibly extend standard models 
like S-Cube reference quality model [16]. The context-specific 
QoS model is operationalized by relevant socio-technical QoS 
metrics (e.g. performance, adaptability, usability), which are 
used for measuring the “detected service(s)” at runtime. The 
component counts also with an analyzer to infer dependencies 
among usability and technical QoS properties and aggregate 
the corresponding QoS values at different levels (i.e. atomic 
service level and application level).  
One of the challenges of the framework is addressed by the 
following research questions: What contextual information is 
the most valuable to create efficiently QoS models at runtime? 
What is the optimal combination of emo-aware QoS levels to 



















































































































Fig 1: An overview of the HAPPYNESS framework 
Emotion-aware QoS assurance controller. Our dynamic 
analytical assurance controller must be capable of monitoring 
services when an actionable emotional level is detected and 
calibrating QoS levels of service contracts. Moreover, the 
controller is also responsible of determining whether services 
configuration should be changed or not; and adjusting 
emotional thresholds at runtime. We follow the autonomic 
approach in MAPE [17]. But the challenge resides in  
determining the right decision criteria to trigger the calibration 
of QoS levels and emotional thresholds. 
III. SCENARIO: SMART PARKING   
Frank lives in a city where the amount of parking spaces 
per unit is becoming scarce. Given the difficulty of finding a 
parking space, Frank started using a mobile application called 
EasyPark. The application uses multiple input sources of 
contextual information to provide a certain degree of 
probability of finding a parking spot in different locations. For 
example, by knowing the current situation of other circulating 
cars, EasyPark can recommend the fastest route by avoiding 
congested hot spots. However, although the time for finding a 
public parking space was reduced, sometimes he was not fully 
satisfied with EasyPark because i) the navigation information 
was overloaded and difficult to interpret, or ii) space of the 
available parking spot was not large enough for Frank’s car, or 
iii) the closest space recommended by EasyPark was 
meanwhile taken. 
In these three situations, interacting with EasyPark was 
annoying for Frank, leading to actionable emotions.  
Assuming that the service platform that hosts EasyPark is 
now empowered by HAPPYNESS, and Frank starts using 
E4Wristband for monitoring emotional data at runtime, 
HAPPYNESS would determine the actual QoS levels of 
EasyPark services from a user perspective, increasing in this 
way our awareness of a potential issue with the services, what 
could eventually lead to actions addressing the issue. 
Specifically
1
, (1) as soon as the actionable emotion is 
detected due to an overloaded navigation information display, 
the actual usability level of the corresponding service (2) is 
evaluated at runtime (4), and other technical QoS measures (3) 
that can have a negative effect on service usability are also 
collected (5)(6) (i.e. adaptability). Then, based on the resulting 
actual QoS levels and detected negative emotions, 
HAPPYNESS controller would be able to determine whether 
services configuration should be changed or not (7). If any 
change is necessary, the controller calibrates the usability and 
adaptability levels specified in service contracts (i.e. SLAs), by 
taking into account the actual QoS levels (7); the controller 
updates the corresponding emotional threshold (9), and the 
service platform that hosts EasyPark is notified for executing 
the respective service configuration (8). 
IV. CONCLUSION 
This paper described the main components of the 
HAPPYNESS framework, and as part of our discussion we 
have identified main challenges and related relevant questions 
for each component. (actionable emotion detector, context-
dependent QoS assessment, emo-aware assurance controller).  
HAPPYNESS is built on top of the MAPE model because it 
adds self-configuration and self-optimization capabilities to 
services-based systems through continuous assessment of QoS 
properties at runtime whenever an actionable emotion is 
detected. Therefore, the novelty of our approach consists of 
introducing “actionable emotions” as a new asset to ensure the 
continual satisfaction of QoS and consequently the quality of 
UX, which have not yet been considered by any assurance 
approach. HAPPYNESS may help enhance the QoS provided 
by context-aware services based systems like smart parking 
[18], healthcare reminder [19].  
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1
 The numbers in this paragraph refer to the interaction flow among 
the components of the middleware depicted in Figure 1. 
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